Introduction 7 0
Sedentary behavior is a significant risk factor for a wide range of chronic diseases, 7 1 comorbidities, and mortality [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . As people age, sedentary behaviors increase [7, 11, 12] . 7 2 However, little is known about the detailed changes in daily sedentary patterns that accompany 7 3 these shifts. A better understanding of temporal patterns of sedentary behavior in the 7 4 characteristics of daily activities may clarify the role sedentary behaviors play in the progression 7 5 of disability and disease, and thus provide more relevant public health recommendations 7 6 regarding aging and diseases. Recently, the proliferation of wearable accelerometers has 7 7 provided researchers with high-resolution, continuous activity data. As a result, accelerometer-7 8 measured physical activity (PA) offers the potential for both exploring detailed patterns of 7 9 sedentary behaviors and providing more accurate estimates of overall sedentary behaviors, which 8 0 have traditionally been underestimated by subjective methods [13, 14] . 8 1
Frequently, studies quantify sedentary behavior via an absolute amount (total sedentary 8 2 minutes per day) or proportion (percentage) of waking hours spent sedentary [7, 11, 15, 16] . 8 3
Isotemporal substitution (ITS) model has been recently proposed to examine effects of replacing 8 4 sedentary behavior with light PA (LiPA) and moderate-to-vigorous PA (MVPA) on weight, 8 5 a participant is deceased, the duration of time in months between the NHANES examination and 1 3 9 death is provided. Accidental deaths were excluded from the analysis. Demographic and 1 4 0 comorbidity information that are available included, age, gender, race, education level, smoking 1 4 1 status (never, former, current), drinking status (former or current drinker, heavy drinker, 1 4 2 moderate drinker, non-drinker), body mass index (BMI; kg/m2), mobility difficulty (yes, no), 1 4 3 diagnosis of diabetes, coronary heart disease, congestive heart failure, stroke, and cancer. 1 4 4
Subjects with missing covariates were also excluded. In total, 3400 participants aged 50 to 84 1 4 5 years who fulfilled the inclusion criteria remained in the analysis, where 1773 were from cohorts 1 4 6
2003-2004, and 1627 were from cohorts [2005] [2006] . There were 542 reported deaths in the 1 4 7 sample over an average of 6.4 follow-up years (7.2 for cohort 2003-2004, and 5.6 for cohort 1 4 8
2005-2006). 1 4 9
Physical activity was measured with the ActiGraph AM-7164 accelerometer (ActiGraph, 1 5 0 LLC, Fort Walton Beach, Florida). The device was placed on an elasticized fabric belt, custom-1 5 1 fitted for each subject, and worn on the right hip. Participants were instructed to remove the belt 1 5 2 while sleeping, bathing, and swimming. The monitors were programmed to record activity 1 5 3 counts in successive 1-minute epochs for up to 7 consecutive days. Non-wear time was defined 1 5 4 as any interval of 90 minutes or longer in which all count values were 0 with allowance for up to 1 5 5 two minutes of non-zero counts between 1 and 99 [32, 33] . Subjects were included if they had at 1 5 6 least one valid day of accelerometer data, defined as at least 10 hours of wear time and all 1 5 7 NHANES generated quality flags for the data were deemed valid [34] . 1 5 8
Following previous work [35, 36] , minutes with activity counts < 100 are defined as 1 5 9 sedentary, and minutes with activity counts ≥100 are defined as active without further 1 6 0 distinguishing between light physical activity (LIPA) and moderate to vigorous physical activity 1 6 1 (MVPA). A sedentary or active bout is defined as being sedentary or active for at least one 1 6 2 minute. 1 6 3 Notations 1 6 4
First, necessary notations are introduced. To define fragmentation metrics, the following 1 6 5 notations are introduced: the duration of the longest active bout is denoted by D A , the number of 1 6 6 bouts of length t is denoted by n A (t), the number of active bouts of length ≤ t is denoted by with all subscripts changed to "S". When introducing and defining the fragmentation metrics, the 1 7 0 subscripts are sometimes dropped since they are defined for both sedentary and active. For 1 7 1 simplicity of exposition, most of the conceptual derivations below will assume continuous t. 1 7 2
Necessary adjustments are required to account for the fact that observed durations are integers. 1 7 3
In this context, the continuity assumption is reasonable as a minute-level epoch assumption may 1 7 4 be relaxed and a much finer resolution can be considered for high-frequency accelerometry data. We now review nonparametric fragmentation metrics. The simplest and the most intuitive fragmentation metric is the average bout duration. 
respectively. 1 8 8
Normalized variability
Second most common method for nonparametrically summarizing a distribution is to 1 9 0 estimate its variability. The Gini index was originally developed in econometrics to study the 1 9 1 statistical dispersion of the distribution of incomes [38] and was used by Chastin et al [13] as a 1 9 2 measure of the accumulation of sedentary time. Here, the Gini index is denoted by g, and defined 1 9 3 and estimated as
respectively. 1 9 6
The Gini index can be seen as a measure of (absolute, not squared) variability of bout 1 9 7 durations normalized by the average duration. It can be shown that g is bounded between 0 and 1 1 9 8
[38]. When Gini index is close to 1, it indicates that total time is accumulated via a small number 1 9 9 of longer bouts. Conversely, when Gini index is close to 0, it indicates that all bouts contribute 2 0 0 equally to total time. Lim et al. [28] proposed two metrics k ra and k ar to quantify the frequency of switching 2 0 3 from active to resting (sedentary) and from resting (sedentary) to active states, respectively, and 2 0 4 studied their association with cognitive impairment in older adults [39] . Similarly, they adopted 2 0 5 this concept to study sleep fragmentation and its effects on Alzheimer's Disease (AD) [40, 41] . 2 0 6
The estimation procedure focused on estimation of "transition probability" as a function of bout 2 0 7 duration, applied smoothing, and identified a range of durations when the "transition probability" 2 0 8 function flattened out. The constant values of the "transition probability" from those "constancy" 2 0 9 ranges have defined k ra and k ar .
From a statistical point of view, the "transition probability" function constructed by Lim 2 1 1 et.al is exactly the hazard function widely used and studied in survival analysis. Modeling the 2 1 2 hazard function is a principal approach for analyzing time-to-event data. The hazard function can 2 1 3 be seen as the instantaneous probability of failure at time t given that the subject has survived 2 1 4 until time t [30, 42, 43] . In this sense, the hazard is a measure of risk: the greater the hazard, the 2 1 5 greater the risk of failure. Thus, in terms of dichotomous sedentary-active states, the hazard 2 1 6 function can be used to study the probability of transitioning from sedentary to active or from 2 1 7 active to sedentary state. 2 1 8
There are a few statistical reservations and modeling limitations to directly use the 2 1 9
proposal of Lim et al. [28] . First and the most important, their proposal does not provide a well-2 2 0 defined estimand of interest. Second, the estimation of k ra and k ar tries to identify the "constancy 2 2 1 range" of hazard function -a restrictive and hard-to-verify assumption. Third, the proposal 2 2 2 employs LOWESS smoothing to identify the "constancy" range, thus, requires "ad hoc" 2 2 3 decisions to make. To avoid these limitations, but stay close to the original proposal, we suggest 2 2 4 the average hazard (AH) as the primary estimand to non-parametrically summarize the hazard 2 2 5 function as a function of bout duration. Next, we outline our proposed procedure to estimate the 2 2 6
AH. 2 2 7
For observed durations t 1 ,...,t n , it is assumed that there are m unique values, which are 2 2 8 denoted in increasing order by ‫ݐ{‬
}. Then, hazard rates can be estimated at these 2 2 9 distinct bout durations nonparametrically using the Nelson-Aalen approach [43] while treating 2 3 0 all bout durations as non-censored (i.e, all active bouts will transition to sedentary bouts, and 2 3 1
where i = 1, …, m. Note that Nelson-Aalen approach does not estimate the hazard function at 2 3 4 time points that are not observed. The AH is then estimated as Here the reciprocal of average bout duration is denoted by λ . It can be shown (see proof in S1 2 4 7
Text) that λ is equal to between-states (i.e. sedentary-to-active or active-to-sedentary) transition 2 4 8 probability, namely 2 4 9
is the indicator of activity type (sedentary or active) at time epoch t, and 0 and 1 2 5 0 denote sedentary and active states, respectively. Larger/smaller values of λ correspond to 2 5 1 more/less frequent switching between the states and as a result, may indicate more/less 2 5 2 fragmented activity pattern. It is important to note that larger/smaller values of λ also 2 5 3 correspond to shorter/longer average bout duration. Note that any parametric assumptions should be validated through an appropriate goodness-of-fit 2 5 9
tests. The CDF of a Power law or Type I Pareto distribution is defined as The parameter α is typically estimated through maximum likelihood [44, 45] . For the 2 7 0 analysis of bout durations, the distribution is assumed to be discrete and the approximation to 2 7 1 MLE estimator is used as follows 2 7 2 Table 1 summarizes all five metrics described above along with their estimation method 2 7 9 and interpretation. model mortality. All models were adjusted for the covariates and comorbidities described in the 2 8 9
Measures subsection. Two groups of models were fitted. Models in Group A studied the 2 9 0 individual effect of each fragmentation metric on the relative risk of death by including one 2 9 1 metric at a time. Models in Group B studied the individual effect of each metric on the relative 2 9 2 risk of death independently of total sedentary/active times by including total sedentary time in 2 9 3 the models with fragmentation metrics summarizing sedentary bouts and including total active 2 9 4 time in the models with fragmentation metrics summarizing active bouts. For additional 2 9 5 interpretability of the results, each fragmentation metric included in the models was standardized 2 9 6 by subtracting population-level mean and dividing by population-level standard deviation, 2 9 7 resulting in hazard ratios that correspond to one standard deviation change. Descriptive statistics stratified by survival status at the end of follow-up period are 3 0 2 presented in Table 2 . All descriptive statistics are survey weighted to be representative of the U.S 3 0 3 population. The average age of the participants was 64 years. Slightly more than half of 3 0 4 participants were female (54%). Participants recorded as deceased tended to have greater daily 3 0 5 sedentary time and lower daily active time. In addition, deceased participants tended to be older 3 0 6
and have higher prevalence of comorbidities, mobility problems, and tobacco use. 3 0 7 The correlations between the total active time and the five active bout fragmentation metrics 3 4 5 were equal to 0.76, 0.74, -0.80, -0.81, -0.79. The shape and variability in the pair-wise 3 4 6 scatterplots seem to indicate that fragmentation metrics may provide information about mortality 3 4 7 beyond that of already provided by the total sedentary and total active times. In addition to Table in S1 Table shows the results of the baseline models adjusted for all covariates and 3 5 8 comorbidities described in Measures and adjusted for the total sedentary time (Model 1) or the 3 5 9 total active time (Model 2). The results were consistent with those reported in previous studies 3 6 0 [35, 50, 51] and demonstrate that one minute increase of total active time is associated with lower 3 6 1 mortality risk (HR = 0.99, 95% CI = 0.99-1.00), and one minute increase of total sedentary time 3 6 2 is associated with higher mortality risk (HR = 1.002, 95% CI = 1.001-1.002). 3 6 3
The left panel of Table 3 shows the odds ratio based on 1 SD increase for models in 3 6 4
Group A (unadjusted for total sedentary and total active time). All ten fragmentation metrics 3 6 5
were significantly associated with the relative odds of mortality. Five fragmentation metrics had 3 6 6 a negative significant association with the relative odds of mortality: HR: hazard ratio associated with one standard deviation increase 3 7 7 CI: confidence interval 3 7 8 3 7 9
The right panel of Table 3 shows the odds ratio based on 1 SD increase for models in 3 8 0 Group B. Models in Group B additionally included total sedentary time in the models with 3 8 1 sedentary bouts fragmentation metrics and included total active time in the models with active 3 8 2 bouts fragmentation metrics. After the adjustment for the total sedentary/active times, four 3 8 3 fragmentation metrics had a negative significant association with the relative odds of mortality: The second sensitivity analysis excluded days with wear time longer than 20 hours. 4 0 3 "Valid" days in the original analysis is defined based on the wearing time longer than 10 hour. 4 0 4
However, there are numbers of subject-days that had more than 20 hours of wear time, with up to 4 0 5 24 hours of wear per day. Including days with wear time longer than 20 hours might lead to 4 0 6 counting sleep time as sedentary that in turn could result in biased estimated summaries for 4 0 7 sedentary and active time. Therefore, for the second sensitivity analysis, valid day was defined as 4 0 8 a day with wear time between 10 and 20 hours. The threshold of 20 hours has been previously 4 0 9 used to identify "bed-time" periods in NHANES [52] . After exclusion of invalid subject-days 4 1 0 from the original samples, 3362 (with 534 deaths) subjects remained and same Cox PH models 4 1 1
where re-estimated. The results are shown in Table 5 . Although, the direction of association and 4 1 2 significance for majority of the metrics remained the same, both μ S and λ S became insignificant. 4 1 3 
